Simulators play an important role in training surgery residents to perform laparoscopy surgery. Some of these simulators have the capability to track tool motion to assess performance. However, most have not utilized the data to analyze trainee performance in a meaningful way. The alpha shape method can be used to construct a geometric surface based on motion data to enable visualization of the performance, while the surface derivative (surface/time to completion)-efficiency-can be used as a metric to evaluate complex surgical performance. The utility of the alpha shape method was demonstrated in a pick-and-place task, where the motion path of laparoscopic graspers was recorded by a position sensor, miniBIRD 500
Introduction
Traditional open surgery in the abdominal cavity has largely been replaced with the modern approach of laparoscopic or minimally invasive surgery (MIS) [1] .
In MIS, the space within the abdomen is insufflated with carbon dioxide to increase the working volume. Operations are performed through small incisions in the abdominal wall, typically between 0.5 -1.5 cm. Trocars are placed through these incisions to allow introduction of surgical instruments (endoscopic camera, graspers, scissors, etc.) into the surgical field. The MIS approach, compared with the open approach in surgery, is more demanding physically and cognitively for the surgeon, and requires a great deal more training before practicing on patients [2] . The most significant advantages of laparoscopic surgery are shortened recovery time, less bleeding, and reduction in post-operative pain and suffering for the patient. As patient safety in laparoscopic surgery is heavily dependent on the surgeon's training and experience with laparoscopic tools [3] , the need for effective training, especially for surgical residents and novices to this surgical approach, has ignited tremendous new interest in the surgical education community surrounding the acquisition and assessment of surgical skills, and a unifying metric to measure performance.
The commonly used simulators for training laparoscopic surgical skills are box trainers (e.g., SAGES FLS [4]), and computer-based virtual reality systems (e.g., LapSim). These training systems are designed to record trainee performance data, such as time, errors, and, in some, 3D position of surgical tools.
Based on these measures, learning and performance can be assessed by various performance measures.
Motor learning science has shown that expert-level skill performance is characterized by high speed and accuracy in execution, as well as smoothness of movement [5] . The degree of task automaticity, or how much the task can be performed without pre-planning and focused attention, is another indication of expertise [6] . For simple motor skills, the performance metric is simply defined by the measured reduction in these performance parameters (i.e., speed, accuracy, smoothness of motion, etc.) For more complex tasks, such as surgery, the relative importance of the various performance parameters can change depending on what the task is, which surgical procedure is being performed, or even on the condition of the patient, resulting in a complex metric that must be based on task requirements [7] , as well as functional and clinical definitions of goodness of performance.
In addition to speed (time to task completion) and accuracy (error), several researchers have proposed using motion-related measures to assess surgical skill performance [8] [9] [10] [11] . Surgical tool path length and deviation, economy of movement, idle states, depth, total and partial time, idle time, speed, acceleration, motion smoothness, and force interactions can be measured and used in varying combinations to assess performance in a specific surgical skill. For example, "time" and "number of hand movements" has been shown to correlate with levels of expertise, while the measured path length has not [8] [10] . Researchers have shown that surgical tool "motion smoothness" and "idle time" during surgery correlated highly with surgical tasks requiring bimanual coordination [11] .
Even though "number of movements" and "motion smoothness", as measures of skill acquisition and performance, offer a better representation of the multivariate construct of skill performance, the hallmark of expert performanceefficiency and consistency-has been more difficult to derive from motion points. It uses Delaunay triangulation to form a surface called "alpha shape".
The alpha shape surface can be refined depending on the desired granularity for surface representation. We posit that this alpha shape method can be used alone, or in conjunction with the other performance measures such as time and accuracy, to measure the efficiency and consistency of performance by trainees while executing a surgical task. By tracking the 3D location of the laparoscopic tool end-effectors in a box trainer, surgical trainees' tool manipulation can be visualized as a 3D geometrical surface with a specific size.
Alpha Surface Construction
In the field of geometrical representation and data visualization, there are many methods available to construct a surface from a set of unorganized 3D points.
Most of the existing algorithms have been used for surface reconstruction of an object in the real world. The data in these methods are usually acquired from 3D scanners, cameras, or from mathematical models [12] . The most commonly used surface reconstruction algorithms are based on the interpolation (B-Spline) method [13] , the least square method [14] , Poisson surface reconstruction [15] , and Voronoi/Delaunay triangulation [12] [16] . Selection of the technique for implementation is based on its strength in dealing with specific features of the object being reconstructed. Traditionally, the B-Spline method is used for a curve or surface, and volume fitting over a set of points in two and three dimensions. A spline is a piecewise polynomial function which covers all the space to form a curve/surface in two or three dimensions [17] [18] . The least square method is another fitting method in which errors are calculated based on the differences between points on the reconstructed surface and the given data. The obtained errors are iteratively minimized to achieve the greatest similarity between the real object and constructed model [19] . For analysis of laparoscopic skill performance in a box trainer, the least square and B-Spline methods are thus not suitable. They do not allow the identification and removal of unwanted points (i.e., the points that are not related surgical task performance, see section 2.3) or noise from the data set before initiating surface reconstruction.
The Poisson method is a method used for reconstructing surfaces based on 3D data points. In this method, a set of 3D points, V, are used to find a gradient larger surface than the actual surface, as the isolated low-density areas are also connected to the created surface from the task space proper. Therefore, the Poisson method is not appropriate for our purpose.
The Delaunay triangulation (DT) method has been shown to be efficient and accurate for dense and noise-free data [12] . It generates a mesh of triangles which can cover most of the points [12] . DT algorithms check for the "empty circle" test: a circle (sphere if in 3D) crossing any 3 points in the data must not include any other point in the enclosed space. Figure 1 shows the accepted and rejected triangulation for four sample points {A, B, C, and D}.
The Delaunay triangulation method does not control for the size of the trian- Alpha shape algorithm is a method derived from Delaunay triangulation (DT)
methods [20] [21]. The major difference between DT and the alpha shape algorithm is the additional constraint in the latter-the radius of each circle passing through the three vertices of the triangles must be less than a predefined value, alpha (α) ( Figure 1 ). The alpha value ranges from zero to infinity, and generates different shapes, called alpha shape, depending on the alpha value. For α = 0, the alpha shape is the point itself. When α is chosen large enough (infinity), the alpha shape is a convex hull which is the output of the DT algorithm. The alpha value can be determined experimentally to achieve a balance between size and shape/surface contours. Alternatively, a pre-determined alpha value can be set to allow the comparison of sizes and shape/surface of reconstructed data sets.
The concept of alpha shapes can be generalized to data points in three dimensions. According to the formal definition in Edelsbrunner's earlier work [22] , for a given set of 3D points S, an α-ball was defined as a sphere with the radius of α. α-exposed shape F k,α . In fact, inside any α-ball in the S, the alpha shape is a polytope in which F 2,α triangles are its boundary, F 1,α lines are the edges and F 0,α points are the vertices of the triangles. The α parameter can play a role in controlling the surface size which makes it an attractive feature for data analysis. It can be used to remove the noisy and irrelevant data points from the dataset (see section 2.5). The alpha shape method, thus, appears to be the superior technique for the analysis of motion-related performance data in laparoscopic surgery.
To evaluate the alpha shape method, we analyzed data collected from an experiment that was conducted to examine the value of training technical and non-technical skills simultaneously in laparoscopic surgery using a box trainer [23] . The hypothesis was that training both technical and non-technical skills at the same time would be more efficient for learning the new skill. Time to task completion and error results from that experiment were compared with motion efficiency and consistency results from the alpha shape method. The experimental design is described in brief again here.
Methods

Subjects
Twenty-six participants were divided into three different groups according to their surgical experience/training: Novices, Intermediates, and Experts. One 
Laparoscopic Training System
A ProMIS simulator, with a torso-shaped laparoscopic training box, was used to simulate the laparoscopic surgery environment (Figure 3 ). The trainer box was equipped with a built-in video camera located in the pubic bone area of the box, which provided a view of the workspace. Position trackers (Flock of Bird miniBirdsensors) were used to track the 3D position of the surgical tool tip at a sampling rate of 12.82 Hz. The workspace was displayed on a computer monitor that was placed beside the trainer box and clearly visible to the participants in the experiment. Inside the trainer box were placed a large paper cup (7.1 cm diameter, 2.0 cm deep) containing small 3D objects, and two smaller paper cups (4.2 cm diameter, 2.4 cm deep). The large cup was positioned on one side (e.g., left)
of the workspace inside the trainer box, while the two smaller cups were placed on the other side (e.g., right), as shown on the monitor (Figure 3 ).
The small 3D objects inside the large cup were made of balsam wood, forming geometric shapes similar to those employed by Shepard and Metzler (1971) in their classic mental rotation experiments [24] . These 3D objects were of two different shapes that were mirror images of each other (Figure 4 ).
Task
In the experiment, participants were asked to use laparoscopic graspers, inserted into the trainer box, to pick up the objects from the large cup and transfer them into either one of the smaller cups as quickly and as accurately as possible (without dropping the objects), without regard for the geometric orientation of was placed next to the monitor as a label for the object destinations ( Figure 3 and Figure 4 ). In addition to the hand-eye coordination, required to perform the technical task, sorting required participants to perform mental rotation to classify the grasped object to one of two geometric orientations. Thus, the nontechnical skill was encapsulated in the mental rotation task (training condition = Combined). A third condition, to isolate the non-technical skill, required participants to sort the 3D objects as described, but using their hands to manipulate the objects directly, thus removing the technical component of the laparoscopic task (training condition = Non-Technical). Once all the objects have been transferred, the cup positions were reversed and subjects had to repeat the transfer task in the opposite direction using the same graspers.
Experimental Design
Participants were divided evenly into one of three training groups with a different order of training (see Table 1 ).
Three subjects from each of the expertise levels were in each training group, resulting in 9 subjects per group. All participants performed one "pre-test" trial in the Combined condition, then 10 trials in each block of training (T, NT, C).
At the end of each block, a test trial in the Combined condition was performed, with the last test trial being "post-test". Subjects in the Combined group were trained in blocks 2 and 3 only, so as to have equal exposure to the technical and non-technical aspects of the task as the other two groups. Performance measures such as time to task completion, errors (dropped objects and wrong sort), and tool tip 3D position were recorded throughout the trials.
Motion Analysis-Alpha Shape Construction
Performance measures such as "time to task completion" and "error" were ana- 
lyzed using pair-wise t-tests [25] . Post-test performance improvement over pretest performance would provide evidence to support learning; while the groupwise comparison results would support efficiency of training schedule (i.e., training technical skills first before non-technical skills, or vice versa, or combine the two skills in training).
The 3D positions of the laparoscopic tool tips were used to construct a surface of the tools' movements for each participant. The obtained surfaces reconstructed using the alpha shape algorithm would indicate the space that were swept by the surgical tools, and can be used as an index to differentiate the subjects' levels of expertise. That is, a larger swept area was expected for the novices, whereas smaller areas were expected for the experts.
Because the reconstructed shape is, in general, determined by the alpha value (radius of the alpha-ball), the best value of α in the alpha shape reconstruction algorithms is usually selected by trial-and-error and based on the final shape of the reconstructed object. For example, in a non-uniform distribution, the density varies locally and finding a global α which is perfectly suited for the entire space is impossible.Harada and Xu suggested a piecewise-linear technique in their alpha shape algorithm to choose dissimilar α values according to local densities [26] . As an alternative to finding the local densities, in this paper, local radii values were obtained from local Delaunay triangulations. The average value of the radii of the circles (spheres in 3D), which pass through vertices of the local Delaunay triangles, was selected as the global alpha value. As an example, α 1 , α 2 and α 3 are the local Delaunay radii for the given sampled points of "A", "B", "C", "D" and "E" in Figure 5 . The number of accepted triangles in the alpha algorithm is subject to the defined alpha value. For the biggest radius of α 3 , as a predefined alpha value, all the triangles in Figure 5 are accepted and for the smallest radius of α 2 , only "ABC" triangle is accepted. Furthermore, the median radius of α 2 eliminates "CDE", the biggest triangle, while accepting "ABC" and "BCD". Hence the median value is fit for the purpose of creating surfaces in dense regions such as "ABCD" in Figure 5 . This method avoids unwanted points (e.g., "E") which are relatively far from the densest area. Therefore, the average of all local radii for each data set can be the alpha value which provides the maximum coverage of all the points while discarding all the unwanted points simultaneously. Figure 6 shows the 3D point cloud of a subject in post-test, and the surfaces reconstructed using the alpha shape algorithm with α = 0.06, α = 0.09 and α = 12.7 for the same subject. Selected alpha value for this subject would be 0.067 which is the average value of local radii of Delaunay triangulation.
Results
The average radius of Delaunay triangle circles in pre-and post-test for experts, intermediates and novices were calculated and shown in Table 2 . The calculated values in Table 2 represent the best α for each subject in each of the pre-test and post-test. For example, α = 0.11 was selected for pre-test surface of intermediate subject #3, and α = 0.09 was selected for post-test surface of the same subject, as is shown in Figure 7 . These alpha values were used to construct pre-test and post-test surfaces for individual participants. In addition to the calculated surfaces, connecting consecutive points of subjects' hand movements (see Figure 6 (a)), the tool trajectory inside the training box can be measured by summing Euclidean distances from the start to the end point for each trial. The calculated average surfaces (using the alpha values in Table 2 ), trajectories, and "time to completion" for different training groups (T, NT and C) are shown in Table 3 . Moreover, the averages of technical and nontechnical errors in Table 3 indicate the errors due to dropping and incorrect sorting of the objects [25] .
Comparison of the average of reconstructed surfaces for pre-test and post-test in Table 3 shows that most of the post-test surface areas are smaller than pretest surfaces. To evaluate the interaction effects between the strategy and experience factors, and the contrast within the pre-and post-tests, a three factor ANOVA (test, experience and strategy) was performed on the results of surface, Surface. ANOVA results showed a significant effect of training on surfaces, (F (2, 1) = 25.44, p < 0.001). There was also a significant main effect for experience Time. A significant contrast between pre and post-test time to task completion was observed (F (2, 1) = 44.285, p < 0.001). There was a significant main effect for experience (F (2, 1) = 4.969, p = 0.02) whereas no difference was seen amongst training strategies (F (2, 1) = 0.894, p = 0.42). The interaction between strategy and experience was not significant (F (2, 1) = 0.66, p = 0.62).
Trajectory. There was a significant contrast between pre and post-test trajectories (F (2, 1) = 5.156, p = 0.036). Also, there was a significant main effect for experience (F (2, 1) = 5.00, p = 0.020) whereas no significant difference was observed within the training strategies (F (2, 1) = 1.246, p = 0.313). The interaction between strategy and experience was not significant (F (2, 1) = 0.734, p = 0.582).
Tech error. As reported in [25] , both strategy (F (2, 1) = 5.1, p = 0.007) and experience level (F (2, 1) = 7.7, p < 0.001) showed a significant main effect in technical error. Also, a significant interaction between strategy and experience (F (2, 1) = 8.04, p < 0.001) was seen in technical error.
Non-Tech error. As reported in [25] , there was no significant main effect for either strategy (F (2, 1) = 0.47, p = 0.63) or experience (F (2, 1) = 2.3, p = 0.10).
There was, however, a significant interaction between the two factors (F (2, 1) = 8.69, p < 0.001). The calculated efficiencies using the average surface and time from Table 3 are shown in Table 4 . To evaluate any effects between the strategy-experience and the contrast within the pre-post average efficiencies, a three factor ANOVA (test, experience and strategy) was performed on the results in Table 4 where Δs, Δt, Δtr, Δte and Δnte represented improvements in surface, time, trajectory, "technical error" and "non-technical error", respectively (Table 5 ).
For example, in the T training strategy (technical skill trials first), the average surface improvement delta was 6.97 cm 2 for the novices, 0.63 cm 2 for the intermediates and 2.34 cm 2 for the experts (highlighted in Table 5 ). The similarity between surface improvement delta and the other performance measure deltas in Table 5 can be measured by mean correlation values (see Table 6 ). The mean correlation value (regardless of training groups) between "surface" and "time" was higher than the other three measures.
Discussion
Depicting the tool movements in the simulated laparoscopic surgery task as point clouds allows for direct visualization of the subjects' performance. The calculated surface of the alpha shape from the point clouds provided a means for quantitative analysis of human performance.
The results of the ANOVA tests show that the surface data derived from the alpha method were able to differentiate between post-and pre-test performance and amongst expertise levels of the subjects (Table 3) , similar to the "time to completion" and "trajectory" measures. Correlation results ( We posit that efficiency, the derivative of surface measure (i.e., surface/time to completion), captures the speed-accuracy tradeoff phenomenon that is characteristic of skill performance during the learning stages. The speed-accuracy tradeoff phenomenon is observed when learners have not yet mastered the motor skill to the level of automaticity; speed is increased at the expense of higher error rates, while more accurate performance requires slowing down and taking more time to complete the task. Whereas speed (trajectory/time to completion) and error are both required to evaluate performance, efficiency alone is adequate to evaluate the performance of the subjects (Figure 8 ). Figure 8 illustrates the disparate measures of speed, accuracy, surface, and efficiency for the 3 expertise levels at baseline performance. Traditionally, speed and accuracy are taken together to subjectively evaluate the performer. That is, the expert performer is expected to be better (i.e., faster and/or more accurate) than the novice in task Efficiency, when applied to the analysis of skill performance in simulated laparoscopic surgery, was able to differentiate the subjects' expertise according to In this paper, we assessed skill performance using surface, calculated from the alpha shape of point clouds, and compared the results with the measures of time, trajectory, technical and non-technical errors. Similar to the time and trajectory measures, the surface index can be used to partially assess performance. Moreover, we showed that surface and its derivative, efficiency of performance, can be an even more sensitive and complete indicator of performance as it takes into account the speed-accuracy tradeoff.
The role of alpha surface may be used in combination, or alone, to assess skill or learning, allowing the evaluation of consistency and efficiency of performance. In future, the concept of "surface" can be extended to a "manifold" in a higher dimension space to address other complex movements. The alpha surfaces can be replaced with topological manifolds in four-dimensional space in which every point has its coordinates as (x, y, z, vt) instead of (x, y, z). Thus, the alpha surface forms an alpha volume in 4-dimensional space and the time and surface assessment methods can be merged into a single time-space evaluation method.
